In this paper. we propose an energy functional to segment objects whose global shape is apriori known thanks to a statistical model. Our work aims at extending the mriational approach of Chen et al. [I] by integrating the statistical shape model of Leventon et al.
INTRODUCTION
In image analysis, the image segmentation problem is a fundamental issue. Its aim is to find a partition of an image into a finite number af semantically important regions. From a variational analysis point of view, two main approaches are considered to perform the segmentation: the MumfodShah approach and the geodesic acrive conrows approach [3] . During the last decade, the Geodesic Active Contours (GACs) method has been employed in many situations to detect objects such as medical structures. However, in some situations, the classical GACs are not appropiate. In particular, even though the GACs model is powerful enough to segment all kind of objects lying in images, it fails to segment an object whose shape is a priori known. Some authors have proposed to incorporate prior shape knowledge into the GACs. Leventon, Grimson and Faugeras [21 have developed GACs employing a statistical shape model defined by a Principal Component Analysis (PCA) over the Signed Distance Functions (SDFs) of training shapes of the object to be segmented. In their approach, the active surface, which is represented by a level set function, evolves locally, based on image gradients and curvature and globally towards the maximum a posleriori position and shape of the object. In [I] , Chen et al. have defined an energy functional which is minimized when the GACs have captured high image gradients and a shape prior of the object to be segmented. The shape prior is computed by averaging a training set of rigidly registered curves. Other authors have proposed models to integrate prior shape knowledge into the GACs model [4, 5, 6] . In this paper, we propose to extend the Chen et al.'s approach [I] by integrating the statistical model of shape proposed by Leventon et In Section 2, we propose to briefly review some state of the art results. In Section 3, we define the new energy functional and derive the system of equations which minimizes the functional. In section 4, we give information about the numerical implementation of the proposed segmentation model. Finally, in Section 5, we introduce the results on 2D synthetic and medical images.
STATE OF T H E ART

Geodesic Active Contours and Level Set Representation
The first variational model which detected boundaries in images was done by Kass et al. To deal with changes of topology during the curve evolution, the level set method proposed by Osber and Setbian [SI is essential.
The main idea is to embed the curve C as the zero level set of a higher dimensional function 4 : R+ x Cl 4 W. Then, a curve's evolution dtC = FN can be re-written in a level set formulation:
at$ = FIVI/. The evolution of the curve C coincides with the motion of the zero level set of the function $.
Statistical Shape Model
In order to model a geometric shape and incorporate it into a GACs' framework, we think that the shape model of Leventon et al. [21 is quite suitable. Indeed, first of all, it is basically a level set-based model since it is built from a set of level set functions. Secondly, the shape model is computed by the PCA on the SDFs of curves which provide a slmnger tolerance than the parametric curves to slight misalignments during the alignment process of the training data since the values of neighboring pixels are highly correlated in SDFs. From a geometric point of view, the PCA analysis determines the best orthonormal basis {el..,em} of R" to represent a set of n points { 4, ...&} in the sense ofthe least squares fining. In our work, a SDF 0, is represented by N q samples (q is the number of dimensions and N the number of samples for each dimension), hence the space E is E N " . In the PCA, a point 9, is represented by the formula: 4j = where AI are the eigenvalues of E. It is possible to arbitrarly fix the fitting percentage 0 and represent the data in a sub-vector space of dimension p. In practice, the importance ofprincipal modes of a training set strongly decreases because the training data represent the same class of objects. Thus, only a small number of eigenmodes is useful for our purpose. These p principal components are sorted in a matrix W,. Thus, the projected data 4 in the p-D space of a data 4 in E" is given by the following equations: where xpcn i s the vector of eigencoefficients.
NEW FUNCTIONAL FOR IMAGE SEGMENTATION
Variational Formulation of the Segmentation Model
In this section, we formulate a new energy functional which is minimized once the GACs have captured high image gradients and formed a shape compatible with the statistical model of the object to be segmented. Our approach aims at extending the work ofChen et al. [I] by integrating the statistical shape model of Leventon et al. [2] . We propose the following energy functional: where g. is a decreasing function vanishing at infinity, 4 is a shape function provided by the PCA (I) over the training SDFs of the object to be segmented, xpca is the vector of PCA eigencoefficients, gx?. is an element of a group of transformations and X T is the vector of parameters. We note that xpeo is independFt of the spatial position of the shape function but the mean value 4 and the matrix of the first p principal components W, depend on the spatial Iocation.
As in [I] , we consider the rigid transformations (but the affine transformations can also be employed):
where the vector of rigid transformations X T is composed of a scale parameter U, an angle of rotation 0 and a vector of translations T.
We think that this new variational approach can scgment an object in images whose global geometric shape is apriori known. Indeed, the first term of the functional s, ' gelC'ldp is the GACs classical functional which detects boundaries with the edge-stopping function se. The second term of the functional J, ' 421C'ldp evaluates the similarity of the shape of the c~otour C to that of the zero level set of ~( x T , x~~~) .
Finally, p is an arbitrary positive constant that balances the contributions of the boundary term and the shape term.
In the next section, we derive the set of coupled equations that minimize the functional (2) in the parametric (Lagrangian) and the implicit (Eulerian) formulations.
Lagrangian and Eulerian Active Contours
The energy functional (2) is minimized when the steady-state solution to a system of coupled equations are achieved. lfthe integrant of (2) is called f , the flow minimizing the functional F w.r.t. the curve C is the classical flow:
Then, the flows minimizing the functional F w.r.t. the vector of rigid transformations xr are:
The flows minimizing the functional F w.r.t. the vector of eigencoefficients xgeo are: (7) atx,,,(t) = -20s; 4VXPC"4 IC'ldP, (7) provide the solution of the segmentation problem.
xp.a(O)
As we said in Section 2.1, the level set representation is essential to solve problems of interface propagation. In our work, we use the variational level set approach as presented in [9] . The level set formulations of the functional F and the system of equations (4), ( 5 ) and (7) are: (x) , xpca))6(4)lV41dQ. (9) where r$o(C~) is the SDF of the initial active contour Go 2. Discretization of the hyperbolic terms 1041 and < Of, 01 >
IMPLEMENTATION ISSUES
Conceming
EXPERIMENTAL RESULTS
Synthetic Images
We have tested our model in 2D synthetic images with a training set of ellipses. We have generated a set of 20 ellipses by changing the size of a principal axis with a Gaussian PDF. Then, we have applied the PCA on the training SDFs of ellipses and we have obtained one principal component that fits at 98.9% the set of 20 SDFs of ellipses. Figure I shows the shape functions 4 and the zero level sets corresponding to the mean and the eigenmode of variation of ellipses. In the first experiment on Figure 2 , we have segmented an ellipse which is partially occluded by a vertical bar. We can see that the active contour has captured high image gradients and a shape belonging to the statistical model which best fits the ellipse in the image. In the second experiment on Figure 3 , we have captured an ellipse which is partially cut. 
Medical Images
We have also experimented our model in 2 0 medical images. We have used fifteen 2D images of left ventricles to build our statistical shape model. These fifteen 2D images are extracted from s wera1 slices of four TI-MRI images of healthy voluntaries. We have applied the PCA and we have obtained two principal components that fit at 88.2% the set of 15 SDFs of ventricles. Figure 4 shows the level set functions and the zero level sets corresponding to the mean and both eigenmodes of variation of the ventricle training set. The segmentation is presented on figure 5 . We observe on Figure S (c) that the active contour has well captured the left ventricle whereas the initial contour was amund rhe two ventricles on Figure 5 (a). This segmentation result could not be obtained without a shape prior with the same initial contour. The segmentation model has also provided on Figure 5 (f) the shape of the statistical model which best fits the ventricle lying in the image.
CONCLUSION AND FUTURE WORK
In this paper, we have proposed a new variational model to solve the segmentation problem ofan object whose global shape is apvior; known through a statistical model. We saw that the active cont o m , which result to the minimization of the energy functional (2)
is able to capture high image gradients and a shape of the statistical model which best fits the segmented object. Thus, this model simultenously takes into account local and global information in the segmentation process. This segmentation model can also be interpreted as a registration problem since we register a global shape to detect an object in the image. Future works are focused on testing the model on new structures, performing the method on 3D images and using the affine transformations. However, even if the model is less sensitive w.r.t. the initial condition thanks to the shape information, the initial condition has to be satisfactory to avoid bad local minima. Finally, the proposed model can capture only one object, which is limited since we lose the powerful propelty of the level set approach which can segment several objects simultaneously.
